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A B S T R A C T

This study aims, firstly, to determine whether hotel categories worldwide can be inferred from features that are
not taken into account by the institutions in charge of assigning such categories and, if so, to create a model to
classify the properties offered by P2P accommodation platforms, similar to grading scheme categories for hotels,
thus preventing opportunistic behaviours of information asymmetry and information overload. The character-
istics of 33,000 hotels around the world and 18,000,000 reviews from Booking.com were collected automatically
and, using the Support Vector Machine classification technique, we trained a model to assign a category to a
given hotel. The results suggest that a hotel classification can usually be inferred by different criteria (number of
reviews, price, score, and users’ wish lists) that have nothing to do with the official criteria. Moreover, room
prices are the most important feature for predicting the hotel category, followed by cleanliness and location.

1. Introduction

The sharing economy is defined as “an economic system based on
sharing underused assets or services, for free or for a fee, directly from
individuals” (Botsman and Rogers, 2011), and it is significantly chan-
ging consumption patterns (Byers et al., 2013). In tourism, the sharing
economy is not a new phenomenon because this peer-to-peer (P2P)
exchange has existed for a long time with, for example, the typical
advertisement “For rent” hanging from beach apartments, with the
owners directly offering short-term rentals or short stays to others, or
with individuals waiting for backpackers to arrive at bus stations to
offer them a room in their home to get extra income.

With the advance of the Internet, the tourist accommodation sector
is experiencing a revolution (Cheng, 2016), with businesses such as
Couchsurfing, HomeExchange, Airbnb, HomeAway or Roomorama
acting as intermediaries to facilitate contact between host and guest in a
simple, convenient and fast way, allowing hosts to earn extra income
(Sigala, 2015).

One of the detected barriers to using P2P accommodation platforms
is the lack of trust (Tussyadiah and Pesonen, 2016a), so overcoming this
barrier is a challenge for these platforms and for people who offer their
properties for use by others. This lack of trust is related to information
asymmetry, which is generated in any market. This theory, developed
by Akerlof (1970) in “The Market for Lemons” explains that the seller
(i.e., host) knows exactly the true state of the service offered

(apartment, room, studio) and the purchaser (guest) does not know it
and does not trust in it. Thus, poor services drive out good quality
services from the market, leading to an adverse selection problem that
ends up negatively affecting those who offer quality services but are
drawn down by those who do not provide good service. There are
different ways to avoid the adverse effects of information asymmetry
such as transmitting credible information. An example of this is when
sellers offer post-sales warranties, since only those sellers who are sure
of their products would offer them (Stiglitz, 2002). In this sense, the
more information available about their services and the more accurate
it is, the more people will be willing to use such services (Harford,
2010).

Moreover, with the huge amount of information generated on the
Internet for a single item, e.g., thousands of reviews for a single com-
pany or destination, an additional problem of information overload
may occur, where users find it impossible to sift out useful or high-
quality information or to read all opinions (Marine-Roig, 2017). As a
consequence, they become overwhelmed. This issue is also a barrier to
P2P consumption as it makes decision-making more difficult.

Thus, and given that hotel classification compensates for informa-
tion asymmetry (Martin-Fuentes, 2016; Nicolau and Sellers, 2010; Öğüt
and Onur Taş, 2012), it can help to reduce the problem of information
overload. The aim of this study is to predict a hotel category by taking
into consideration certain user-generated content (UGC) parameters
and other factors in order to create a model to classify the properties
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offered by P2P accommodation platforms, similar to grading scheme
categories of hotels, driven by the need to provide users with certain
guarantees for such accommodation services, thereby allowing them to
trust in them and preventing opportunistic behaviours of information
asymmetry. This model is applied to Airbnb, the leading platform in the
P2P accommodation sector, based on information extracted from
18,000,000 reviews on Booking.com written by guests staying at any of
33,000 hotels in outstanding international destinations.

In order to establish a model to classify accommodation on sharing
economy platforms, the Support Vector Machine classification tech-
nique developed by Vapnik (2013) will be used. The technique is ex-
plained in detail in the existing literature, and although its application
has been proven in fields such as medicine, engineering, biology,
marketing and others, it has not been widely used in the field of tourism
(Akin, 2015; Zheng and Ye, 2009), despite the good results reported.

2. Literature review

This section reviews the collaborative economy with special em-
phasis on the accommodation sector. The importance of hotel classifi-
cation in order to avoid information asymmetry and information
overload is also reviewed.

2.1. Sharing economy

The sharing economy is a phenomenon that can be considered a
consequence of the global financial crisis that began in the late 2000 s
(Buczynski, 2013). It has exploded in recent years thanks to the in-
formation and communication technologies (ICTs) that have enabled
purchasers and sellers to get in touch with each other directly and
conveniently.

Collaborative consumption, or the sharing economy, promotes the
use of goods and services without having ownership of them. In the case
of property, ownership is increasingly being replaced by use (Rifkin,
2000). Also called the peer-to-peer (P2P) economy, in collaborative
consumption, individuals participate in sharing activities by renting,
lending, trading, bartering or swapping goods, services, transportation
solutions, space or money (Möhlmann, 2015).

In tourism, P2P platforms have experienced tremendous growth.
This applies not only to platforms related to the accommodation sector,
but also to those related to the catering, transport and tour-guide sec-
tors (Cheng, 2016). The factors that have led to an increase in the use of
these new forms of accommodation are economic, because they are
potentially cheaper for travellers than other kinds of accommodation
(Guttentag, 2015; Tussyadiah and Pesonen, 2016b), social, especially
because they allow travellers to be in touch with the local community,
and others such as authenticity and sustainability (Botsman and Rogers,
2011; Sigala, 2015; Tussyadiah and Pesonen, 2016b), because excessive
consumption and unnecessary purchases of products that subsequently
will not be used can be avoided by sharing goods (Bulchand Gidumal
and Melián González, 2016).

Tussyadiah and Pesonen (2016a), in an exploratory study with
American and Finnish travellers, found that, among Americans, trust is
a barrier to using P2P accommodation (not only trust in hosts but also
in technology and transaction safety) and conclude that a significant
challenge for P2P accommodation companies is the need to create a
mechanism of trust among customers, for example, by including re-
putation scoring or other consumer protection measures such as safe
and secure transaction systems.

In this respect, as Ert et al. (2016) claim, P2P product platforms
involve economic risks only, while sharing a home involves additional
risks. Moreover, “risks are higher for transactions involving products
whose attributes can be evaluated only after purchase and use” (Ba and
Pavlou, 2002: 12). Therefore, sharing economy platforms base the way
they operate and also their trust system on P2P communication through
UGC (Tussyadiah and Zach, 2017). Barriers to creating and consuming

UGC have been lowered dramatically (Ayeh et al., 2013). Personal
thoughts and opinions posted by users are easily accessible to the global
community (Dellarocas, 2003) and potentially affect travellers’ deci-
sions in terms of creating ideas and reducing alternatives (Barreda and
Bilgihan, 2013). Indeed, many studies have demonstrated the influence
that UGC in general and online travel reviews in particular have on
travel-related decisions through the electronic Word-of-Mouth (eWOM)
effect (Schuckert et al., 2015). Social media is a particularly powerful
and credible source of information among users, and especially among
digital natives.

Consumers’ opinions have been found to generate more confidence
than communications from a company (Gretzel and Yoo, 2008;
Vermeulen and Seegers, 2009). Although some users are afraid of
biased information and false comments (Blomberg-Nygard and
Anderson, 2016; Hensel and Deis, 2010), the reality is that most users
trust social media reviews (Pirolli, 2016), and this is demonstrated by
their travel-related behaviour, searching for online advice or informa-
tion before making reservations (Blomberg-Nygard and Anderson,
2016; Kim et al., 2011). Thus, online opinions are essential not only for
a sharing economy service, but also for the traditional hotel sector
(Guttentag, 2015), and should be included in future classification sys-
tems to be consistent with customer needs (Blomberg-Nygard and
Anderson, 2016). Moreover, online reviews are useful for promoting
properties – especially the less-known ones – (Vermeulen and Seegers,
2009) and for taming the possible adverse effects of asymmetric in-
formation (Ba and Pavlou, 2002; Park and Nicolau, 2015).

2.2. Information asymmetry, information overload and star-rating
classification system

In a market where one of the parties involved in a buying/selling
transaction does not have the same information as the other about a
product or service, so-called information asymmetry occurs, which
could cause the market to fail (Akerlof, 1970).

There are different mechanisms to avoid opportunistic behaviours
of information asymmetry, such as guarantees of certain claims that
only those sellers who are confident in the quality of their products
would offer, or certification by external auditors to ensure the quality of
the product or service (Stiglitz, 2002).

Hotel customers rely on recommendations by friends and family to
solve their informational disadvantage because tourism services cannot
be tried or tested before purchase (Fernández-Barcala et al., 2010). To
some extent, this has been replaced by the role of the travel agent, who
acts as an intermediary in a market characterised by such asymmetry
(Clerides et al., 2005; Jeacle and Carter, 2011).

Information asymmetry in the hospitality industry can also be
countered using other elements such as price, customer review ratings,
number of recommendations and average display rank (Cezar and Ögüt,
2016; Martin-Fuentes, 2016; Neirotti et al., 2016; Öğüt and Onur Taş,
2012). Moreover, star-rating classification systems established by third
party institutions serve as a tool to mitigate asymmetric information
(Martin-Fuentes 2016; Nicolau and Sellers 2010; Núñez-Serrano et al.,
2014) and provide guidelines for reducing the hotel booking risk
(Neirotti et al., 2016).

In addition to the problem of information asymmetry, sharing
economy establishments may face the problem of information overload
caused by UGC, which is key to the way they operate and also to the
trust system. In travel and hospitality, online travel reviews have in-
creased exponentially and there is usually a huge number of reviews
available for the same product or service (De Ascaniis and Gretzel,
2012). However, increased amounts of information can be both a
blessing and a curse (O’Connor, 2010). Although UGC information
provides users with unbiased, unsolicited and cost-effective data on
products and services, information overload may actually prevent
consumers from getting a comprehensive idea or high-quality in-
formation and, moreover, can complicate the decision-making process

E. Martin-Fuentes et al. International Journal of Hospitality Management 69 (2018) 75–83

76



(Fang et al., 2016; Marine-Roig, 2017). Therefore, given that it is im-
possible for users to read all reviews about a product or service, it is
crucial for them to have simplified, uniform and comparable indicators
available. In this respect, simplified integrative classification systems,
easily understood by all, such as accommodation star-rating levels or
simplified indicators, could also help users overcome the information
overload.

However, no grading scheme categories similar to hotel classifica-
tions exist in the case of P2P accommodation. Hotel classification sys-
tems are established using various standards set by governments or by
independent organisations. These systems are universally recognised,
and the most common method for classifying hotels is to rank them
from 1 to 5 stars, although the requirements for assigning the stars
differ depending on the institutions responsible for doing so, which can
be split into official and non-official (Zhan-Qing and Liu, 1993).

The star-rating classification mechanism is the most common cus-
tomer segmentation pattern in the hotel industry (Dioko and So, 2013);
hotel quality can be inferred from the number of stars (Fang et al.,
2016), the highest hotel categories can be considered as an indicator of
high quality (Abrate et al., 2011), and it plays a general role in the
selection of hotels (Callan 1998; Núñez-Serrano et al., 2014). Further-
more, although the star-rating classification systems are different all
over the world, it has been proven that there is a relationship between
star-rating classification and satisfaction measured from the point of
view of scores assigned by users (Martin-Fuentes et al., 2016).

However, the current hotel star-rating classification system presents
some weaknesses. The hotel classification system does not follow the
same pattern all over the world as each country has its own criteria. At
the European level, attempts to launch a process of harmonisation of
different regulations have nevertheless been made (Arcarons i Simon
et al., 2008).

There is an initiative by hotel associations from some European
countries, sponsored by the Hotrec Association (Hotels,
Restaurants & Cafes in Europe), that is trying to implement a scoring
system to enable the unification of criteria for the allocation of stars in
different countries (Hotrec, 2015), but it is not an easy task because,
even within an individual country, there are different systems in place.
This is the case for Spain, which has 17 different classification systems,
one for each of the autonomous governments that have the power to
regulate in this field.

Moreover, the current hotel classification system does not take into
account guests’ opinions in the form of UGC. Such increasingly popular
UGC, which has now become central to accommodation bookings
(Blomberg-Nygard and Anderson, 2016), would provide a quality check
on the amenities and characteristics required for the classification
system. Thus, Blomberg-Nygard and Anderson (2016) suggest that fu-
ture hotel classification systems should be refined by integrating online
reviews into them. The idea of integrating online travel reviews in P2P
accommodation classification systems is even stronger because UGC
production and user opinions are at their very core. This is so because
P2P platforms are online “engagement platforms”, whose operation and
success is based on value co-creation, information exchange and the
production of UGC, among various economic actors in a service eco-
system (Breidbach and Brodie, 2017).

3. Research aim and methodology

This study aims, firstly, to determine whether a hotel classification
system can be inferred in general from criteria and standards that are
not considered by the rules and regulations of public and non-public
organisations in charge of assigning hotel categories and, if so, to use
this model to design a classification system for P2P accommodation
platforms in order to avoid a market of “lemons” and information
overload and to use it on platforms like Airbnb, which are based on user
interaction and value co-creation.

In order to contribute to the P2P accommodation literature and, by

so doing, to provide additional insights, this study aims to answer this
research question: Is it possible to design a classification system for P2P
accommodation platforms similar to the hotel classification system in
order to avoid a market of “lemons” and information overload on P2P
platforms like Airbnb?

As seen in the literature review, the problems of a lack of trust
arising from asymmetric information can cause businesses and even
markets to collapse, so it is necessary to provide a mechanism that of-
fers its users certain guarantees. Similarly, to address the problems
arising from UGC information overload, indicator classification systems
that are both comprehensive and simple are needed.

The conclusions by (Ert et al., 2016: 72) state that “the strong need
for trust in sharing economy platforms leads consumers to use any in-
formation available to them” and the literature review confirms that, on
the one hand, hotel star-ratings counter the adverse effects of asym-
metric information and, on the other, the hotel classification system is
internationally recognised (despite being applied differently in each
country); it is a comprehensive system that can help simplify tourists’
decision-making. Moreover, within a context of the ever-increasing
popularity of UGC, integrated classifications should combine hotel
classification systems focusing on objective features and on guest re-
views – providing information about how service-related elements are
perceived – since both are complementary (Blomberg-Nygard and
Anderson, 2016). In fact, “both consumers and the industry are inter-
ested in seeing a closer fit between the two” so that offerings are pre-
sented in keeping with consumer needs (Blomberg-Nygard and
Anderson, 2016: 3). Therefore, and responding to these needs, the
merging of hotel-like classifications with UGC could provide users with
a holistic integrative classification system capable of preventing online
information overload.

So, on that basis, we try to build a model to classify P2P accom-
modation that increases customer trust, integrates several elements and
is easy to understand worldwide. In this sense, we propose building a
simple model for P2P accommodation platforms that consumers can
trust, similar to the hotel classification system. The proposed classifi-
cation model is applied to the leading P2P accommodation platform
Airbnb, though it could be used for any other P2P platform.

3.1. Case study: Airbnb

The proposed classification model is applied to the P2P accom-
modation platform Airbnb. Among P2P accommodation services,
Airbnb, founded in 2008, is an example of a leading company that of-
fers properties in 194 countries worldwide (Airbnb, 2016a). Airbnb is a
company that bases its business model on putting individuals who have
a space for rent in contact with other individuals who want to rent it for
a period of time in exchange for money, all of which is done via the
Internet. Airbnb is the best-known P2P accommodation community
marketplace platform, with more than 34,000 cities, 60 million guests
and 2 million listings (Airbnb, 2016a). It can be considered a sharing
economy engagement platform based on user interaction and value co-
creation (Breidbach and Brodie, 2017). Airbnb connects travellers with
local hosts that provide a space, which can be entire properties, castles,
rooms, beds, sofas, airbeds or any kind of accommodation. The way it
works is that guests contact hosts through the Airbnb platform to
confirm availability and to get more information through the messaging
system. Airbnb charge the guests and holds their money until 24 h after
the check in, to allow guest and host to confirm that everything is in
order, and later on Airbnb transfers the money to the host.

As previously seen, trust management in P2P platforms like Airbnb
is a critical element of their business, which the company knows and
announces with the slogan “Trust is what makes it work”. Airbnb uses a
reputation mechanism that allows hosts and travellers to write reviews
about each other; a review is based on a previous stay, and is done
within 14 days after that stay. Moreover, guests and hosts can scan a
government ID to verify their online profiles, and there is a secure
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messaging system and a host guarantee to cover any possible damage to
the property (Airbnb, 2016b).

In addition, Airbnb uses a quality certification called ‘Superhost’
that serves to prevent opportunistic behaviours of information asym-
metry and information overload. However, the percentage of properties
that have the ‘Superhost’ badge on Airbnb is very limited (e.g., a mere
2.9% in Hong Kong) (Liang et al., 2017).

This reputation system, in which both the service supplier and the
service demander can give their opinions about each other, has also
been applied by other collaborative economy companies such as
Couchsurfing or BlaBlaCar and can make people think twice before
posting a bad review because of fear of revenge (Ert et al., 2016). To
avoid it, Airbnb does not publish reviews until both parties have given
their opinions or until the deadline has expired to do so.

3.2. Data collection

To create a classification model applicable to P2P accommodation
platforms similar to the hotel star-rating classification system, in this
study, data is taken from Booking.com because it is a prominent ex-
ample of an online accommodation-booking website. It has 895,589
properties in 224 countries and deals with over 1 million room-night
reservations per day (Booking.com, 2016). On Booking.com, travellers
can compare prices and customer reviews (Neirotti et al., 2016) and it is
a popular online source for hotel information (Sun et al., 2015) that
draws the attention of researchers.

Moreover, Booking.com and Airbnb have some similarities, apart
from being leaders in accommodation reservations; both websites allow
customers to give their opinions and have similar systems for collecting
them. Thus, both websites only allow users to leave a review if someone
has booked accommodation through the respective site and actually
stays at the reviewed property, so all are “verified reviews from real
people”, as Booking.com claims.

As mentioned above, the way both websites collect reviews is si-
milar; after a stay, the user receives an e-mail to rate the property and
to post a review, the time to rate the property is limited (for
Booking.com it is 28 days and for Airbnb it is 14 days) to avoid out-
dated opinions.

On Booking.com, users rate 6 items (value, cleanliness, location,
services, comfort and staff) and, on Airbnb, users also rate 6 items
(value, cleanliness, location, check in, communication and accuracy),
the common variables (value, cleanliness, and location) were taken into
account in this study.

The selection of these variables and not others to create a star-rating
system for P2P accommodation is also justified by the preferences of
sharing economy guests compared to those of hotel guests. As empha-
sized by Tussyadiah and Zach (2017), cleanliness and location are
fundamental elements for both types of guest. However, P2P accom-
modation guests place much greater value on location and social in-
teractions with hosts than hotel guests do. For the latter, convenience
and room features are more important (Belarmino et al., 2017;
Tussyadiah and Zach, 2017). Earlier studies have matched or compared
hotels and P2P accommodation based on price, among other aspects
(Belarmino et al., 2017). Value for money was found to be a funda-
mental driver of booking P2P accommodation, as well as a basic ele-
ment of satisfaction therewith (Belarmino et al., 2017), since emphasis
was placed on this type of accommodation providing better value than
hotels did (Harrington, 2015). As a result, cleanliness, location and
price should be taken as the core indicators of P2P accommodation
analyses.

In April 2016, we automatically gathered the hotel data from
Booking.com; the number of reviews, the general scoring, the score for
the 6 items, the hotel name, the city, the country, the number of users
that saved the hotel in their wish list, the hotel category and the price
(ranked from 1 to 5 on Booking.com). The hotels in the world’s 443 top
destinations according to TripAdvisor were classified into four regions:

Europe (EUR), America (AME), Asia and Pacific (ASP), and the Middle
East and Africa (MEA) as suggested by Banerjee and Chua (2016), as
shown in Table 1.

The data was collected using an automatically controlled web
browser (developed in Python) that simulates user navigation (clicks
and selections).

We filtered the results by “Property type”, selecting “Hotels” and
“Review score”, with the rated by “All reviewers” option.

3.3. Support vector machine

Support Vector Machines (SVMs) are a useful technique for binary
data classification. By finding hyperplanes that separate n-dimensional
data, they learn to separate data into two classes (Vapnik, 2013),
turning the problem into a set of linear equations. A dataset is often not
linearly separable, so the concept of kernel is introduced in SVMs.
Different types of kernels may be devised, but the common idea is to
cast the original data into a higher dimension dataset that may be se-
parated. Some of the most successful kernels are Radial Basis Function
(RBF) kernels, particularly when the number of features is not large, as
in our case. RBF kernels are exponential functions defined by a single
parameter, namely the exponent constant, being preferable to other
types of kernels with a high number of parameters such as polynomials.

In our experiment, we use LIBSVM (CC01a), which is an open source
implementation of SVMs written in C code.

When dealing with multiclass data (it should be noted that in our
experiment the instances belong to five classes according to the hotel
star classification), LIBSVM implements multiclass classification using

one-against-all methods (Hsu and Lin, 2002). Having k classes ⎜ ⎟
⎛
⎝

⎞
⎠

k
2 ,

binary classifiers are constructed. Then, each point to be predicted is

classified according to each of the binary ⎜ ⎟
⎛
⎝

⎞
⎠

k
2

classifiers, giving one vote

to the class (or classes) to which it has been assigned. Finally, the point
is designated to the class with a higher number of votes received.

The decision to use SVM classifying techniques instead of more
traditional techniques like an ordered logistic regression was due to
some of the core advantages of SVM and because the results obtained
with the ordered logistic model were worse, as shown in Table 2.

SVMs enable non-linear data to be easily classified, while providing
a more robust model, thanks to the maximisation of the support vector
margins (the distance to the separation hyperplane of the support va-
lues). It also provides a simple unique solution to the classification
problem (whereas deep neural networks can offer multiple solutions to
the same problem). Furthermore, it is computationally efficient and
widely available (many statistical packages provide SVM implementa-
tions), so research reproducibility is guaranteed because it is not de-
pendent on using the same code as that used in deep neural networks.

Because of these features, SVMs are widely used in pattern re-
cognition problems: face and speech recognition, face detection and
image recognition, financial classification, medical analytics, etc.

In short, SVMs are a supervised Machine Learning technique that
creates a model from sample data (training set); using that model, its
validity is then checked on testing data (validation set) to compute a
predefined performance measure, called accuracy, which is the ratio of

Table 1
Data collection by regions.

Region Countries Destinations Hotels Reviews

EUR 17 168 14,395 11,097,703
AME 23 122 7022 3,285,925
ASP 16 109 10,448 3,559,306
MEA 9 44 1179 767,947
Total 65 443 33,044 18,710,881
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correctly classified instances.

4. Results

A classification task usually involves separating data into training
and testing sets. Each instance in the training set contains one “target
value” (i.e., the class labels) and several “attributes” (i.e., the features
or observed variables). The goal of SVM is to produce a model (based on
the training data) that predicts the target values of the test data given
only the test data attributes (Hsu et al., 2003).

In our case, the number of classes is 5 when the 5 star-rating clas-
sification is used, or 4 when grouped categories are used (i.e. [1,2],
[2–3], [3–4] and [4–5]). Regardless of the number of classes, the
number of features employed is 6 (1: Cleanliness, 2: Value, 3: Location,
4: Reviews, 5: ListSaved, 6: Price), which are the 6 common features on
Booking.com (from where we collected the data) and on Airbnb.

In order to avoid creating large datasets that make SVM computa-
tion unfeasible, raw data was split for the training and the testing
phases into 10 sets for each region, and the results show the average
over the 10 datasets. Furthermore, we have tried to balance the data-
sets, when possible, with the same number of instances for each class.
For the training phase, in EUR we used 300 instances of 1-star and 900
of 2- to 5-star hotels for each of the 10 sets. In AME, we used 40 in-
stances of 1-star and 500 of 2- to 5-star hotels; in ASP, 290 instances of
1-star and 1000 of 2- to 5-star hotels; and, finally, in MEA, 20 instances
of 1-star, 50 of 2-star and 200 of 3- to 5-star hotels.

The results show a high level of accuracy except for the 1-star hotel
category in EUR, AME and ASP, and 2-star category in MEA, as shown
in Table 2.

Grouping the hotels into four categories as budget accommodation
(1 and 2-star hotels), mid-low range accommodation (2- and 3-star
hotels), mid-high range accommodation (3- and 4-star hotels), and su-
perior accommodation (4- and 5-star hotels), the results improve be-
cause there is one category less. Worthy of note is that the training
phase was done with the 5 categories coinciding with the 5 star-rating
classification, but the results are explained in 4 categories, i.e., the
categories in the training phase have not been mixed.

Although in some categories of some regions the ordered logistic
model predicts a bit better the category than SVM, the SVM results are
more regular worldwide and, in general, show a better accuracy.

The SVM results show that around 80% predicts the accommodation

category (divided into budget, mid-low range, mid-high range, and
superior category) that a property could have by just knowing the price,
the number of reviews, the ratings awarded by past users for location,
cleanliness and value, and the number of people that have saved the
property in their wish list.

The greatest accuracy of the SVM model is in the superior and the
mid-high range categories in MEA. The accuracy in ASP is very high in
all categories. In EUR and AME, the lowest accuracy is in the mid-high
range category (3- to 4-star) with 60% and 55%, respectively. The worst
prediction is found in MEA in the budget category, probably due to the
fact that the parameters do not capture the difference in this range, as
shown in Table 3.

In order to determine the importance of the features when classi-
fying, LIBSVM proposes a method based on F-scores (Chen and Lin,
2006). For a given feature, its F-score is computed as the ratio of the
discrimination between the positive and negative sets, over the parti-
cular value of the feature within each of the two sets. The larger the F-
score is, the more likely this feature will be more discriminative, it
being useful as a feature selection criterion. Even though the F-score
does not reveal mutual information among features, it is a simple and
efficient method.

Table 4 shows that price is the most important feature when clas-
sifying, followed by cleanliness, and in AME and MEA, the location is
also important; the other factors serve to explain the model but the
significance is considerably lower. In this respect, the classification
model based on the features of price, cleanliness and location is also
well-suited to P2P accommodation platforms, which are engagement

Table 2
Results for 5 star-rating classification.

Region Category Test phase
instances

Accuracy SVM Ratio SVM Ratio
Logit

EUR 1 1000 12 0.01 0.00
2 1000 729 0.73 0.77
3 1000 452 0.45 0.28
4 1000 371 0.37 0.39
5 1000 837 0.84 0.84

AME 1 500 0 0.00 0.00
2 1000 686 0.69 0.75
3 1000 442 0.44 0.26
4 1000 256 0.26 0.33
5 1000 876 0.88 0.87

ASP 1 1000 28 0.03 0.00
2 1000 741 0.74 0.79
3 1000 363 0.36 0.19
4 1000 314 0.31 0.43
5 1000 841 0.84 0.82

MEA 1 200 74 0.37 0.00
2 200 2 0.01 0.00
3 200 151 0.76 0.15
4 200 119 0.60 0.08
5 200 153 0.77 0.17

Table 3
Results grouped into 4 categories.

Region Category Test phase
Instances

Accuracy SVM Ratio SVM Ratio
Logit

EUR Budget 2000 1623 0.81 0.90
Mid-low
range

2000 1716 0.86 0.92

Mid-high
range

2000 1196 0.60 0.54

Superior 2000 1724 0.86 0.80

AME Budget 1500 1113 0.74 0.46
Mid-low
range

2000 1642 0.82 0.89

Mid-high
range

2000 1095 0.55 0.52

Superior 2000 1658 0.83 0.78

ASP Budget 2000 1660 0.83 0.94
Mid-low
range

2000 1657 0.83 0.90

Mid-high
range

2000 1092 0.83 0.50

Superior 2000 1686 0.84 0.80

MEA Budget 400 110 0.28 0.03
Mid-low
range

400 308 0.77 0.17

Mid-high
range

400 346 0.87 0.19

Superior 400 355 0.89 0.14

Table 4
F-scores.

Features EUR AME ASP MEA

Cleanliness 0.44 0.63 0.35 0.63
Value 0.05 0.12 0.03 0.19
Location 0.14 0.35 0.10 0.37
Listsaved 0.02 0.02 0.06 0.04
Reviews 0.06 0.01 0.07 0.08
Price 1.35 1.41 1.45 1.23
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platforms intrinsically bound to UGC. Price is a key issue for P2P guests’
choice and satisfaction (Wang and Nicolau, 2017), and cleanliness and
location are among the most frequently mentioned topics – and in a
similar order – in both P2P and hotel guests’ UGC (Belarmino et al.,
2017).

An ordered logistic regression was also performed to see if better
results could be obtained, but the accuracy was generally worse when
compared to the SVM results; the worst results were in MEA, where a
maximum accuracy of 17% in 5-star hotels was obtained because there
were fewer instances to predict the category than in the other regions.

To check the validity of the model in Airbnb properties, a small
random sample of two cities was downloaded manually. The results
show that properties were distributed between all categories (Table 5)
and not solely among the top of the classification, something that might
have been expected given that Airbnb properties’ ratings tend to have a
high positive skew and that it is rare to find a property with a lower
than 3.5 rating (Zervas et al., 2015).

5. Discussion

Although there are differences among countries and even among
regions within the same country, and while there are some systems that
group hotel categories into fewer than 5 levels (e.g. Malta from 2- to 5-
star), we can affirm that the hotel classification system can be inferred
in general through other criteria and standards that have nothing to do
with the official criteria assigned by regulations of public and non-
public organisations.

ABTempts to launch a process of harmonisation of the different
regulations (Arcarons i Simon et al., 2008) to enable the unification of
criteria for allocating stars in different countries (Hotrec, 2015) could
be made by taking into account the User-Generated Content translated
into ratings along with other factors such as price or score, because the
results of this study show that it can be predicted with great accuracy
worldwide, thereby avoiding criteria that could become out-dated with
the passage of time (Torres et al., 2014). Such allocation of stars could
also help users by reducing the problem of UGC information overload
and by making P2P accommodation classification more comprehensive
and simple.

The greatest accuracy is in 5-star hotels worldwide because it “is the
only category that has a certain uniformity from an international point
of view” (Minazzi, 2010: 80). The accuracy of the remaining categories
is fairly high, except the 1-star category in EUR, AME, and ASP, and the
2-star category in MEA. This may be because customers of 1- and 2-star
hotels use ratings systems less often than those staying in 3- to 5-star
hotels in the United Kingdom (Callan, 1995). It may also be because
user satisfaction coincides with the hotel category in nine European
countries, except for 1- and 2-star hotels, where there are no significant
differences in seven countries (Austria, Germany, Greece, Italy, Poland,
Portugal and Spain) (under review).

With the results grouped into 4 categories, the lowest accuracy is in
the mid-high range category (3- to 4-star) in EUR and AME because
hotel supply in that category varies from country to country (Minazzi,
2010).

The results confirm that price is the most important characteristic
for inferring the hotel category, which is consistent with the idea that
the hotel classification system is a regular forecaster of prices (Israeli,

2002), and that room prices have a very strong direct linear relation-
ship with hotel categories (Martin-Fuentes, 2016). In this respect, it is
worth mentioning that price could also be considered a good predictor
in the case of P2P accommodation, as market rules would prevent the
system from being tricked through prices (e.g., if a price does not
correspond to what is being offered, customers would not buy it or
would create negative reviews about it, resulting in reputation loss).
This prevention would be stronger in the case of P2P platforms as their
success is attributed to their wide range of prices (Wang and Nicolau,
2017) suited to different offerings.

Although charging higher prices might seem to be a way of
achieving a higher rating, this is something that would not happen, at
least in the short run, because, Airbnb or any other P2P accommodation
platform should only classify a property if there are at least 5 reviews,
which is what Booking.com does.

The next important feature for inferring the star category is clean-
liness, which is also consistent with other studies that confirm cleanli-
ness is a factor that strongly affects travellers’ choices (Atkinson, 1988)
and is a relevant feature to the hotel users’ satisfaction (Barreda and
Bilgihan, 2013; Choi and Chu, 2001), although it is not a determinant of
hotel room price (Zhang et al., 2011). This variable had previously been
identified as fundamental to P2P accommodation travellers’ choices
and satisfaction, as expressed in their online UGC (Belarmino et al.,
2017; Tussyadiah and Zach, 2017).

Location, especially in AME and MEA, is also important for pre-
dicting the star category, which is a variable that has a significant effect
on price (Saló et al., 2014; de Oliveira and Santos, 2016) and is a fea-
ture that cannot be changed or improved once the property has been
built (Xie et al., 2014). This variable has been identified as key for P2P
accommodation guests through UGC analysis (Belarmino et al., 2017;
Tussyadiah and Zach, 2017).

The application of the model to a sample of Airbnb properties de-
monstrates the validity and applicability of the model for P2P accom-
modation platforms. Remarkably, this model brings together most of
the factors identified by Varma et al. (2016) that Airbnb users and non-
users employ when choosing accommodation, such as price, location,
past experiences and reputation, and classify them into categories that
are understandable worldwide.

In this respect, trust can generate positive outcomes by reducing
transaction risks (Ba and Pavlou, 2002). It is vital for organisations like
Airbnb, which is vulnerable to bad press (Guttentag, 2015), and it is the
main concern for Consumer-Generated Media organisations (Filieri
et al., 2015) or for websites where UGC creates more confidence than
communications from a company do (Gretzel and Yoo, 2008;
Vermeulen and Seegers, 2009). Consequently, our model can give
consumers of Airbnb or any other P2P accommodation platform addi-
tional confidence because the grading scheme categories in the hospi-
tality sector are useful when it comes to mitigating asymmetric in-
formation (Martin-Fuentes 2016; Nicolau and Sellers 2010; Núñez-
Serrano et al., 2014).

In addition, this model helps to provide customers with holistic
information, which might make them feel they can rely more on
Airbnb, and presents a comprehensive classification that may help users
deal with the huge amounts of information available online. In a syn-
thetic way, the aforementioned classification combines a well-known
hotel-like classification system with UGC, and it is especially useful for
users’ faced with information fragmentation and overload. Moreover, a
strength of the model is that it is partially based on UGC, along with
other relevant factors, which consumers find highly trustworthy and is
therefore consistent with the philosophy of P2P platforms as online
engagement platforms, based on user interaction, UGC exchange and
value co-creation.

Airbnb is trying to put measures in place to encourage service
providers to become engaged in quality certifications like the
‘Superhost’ badge, which might seem as though it is offering a new
classification system. However, such certifications have limited scope

Table 5
Percentage of properties in Airbnb by four categories.

Category Subsample Airbnb

Budget 29.73%
Mid-low range 21.62%
Mid-high range 27.03%
Superior 21.62%
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because a very low percentage of properties has the ‘Superhost’ badge
(Liang et al., 2017), thus restricting the number of options available to
users. The distinctive trait of our model is that all properties with at
least five reviews will have a star assigned to them.

Unlike Airbnb ratings, which are mostly positive, this model clas-
sifies properties into all categories, which provides the user with more
information because high star-ratings alone “are likely not informative
enough for users to make informed consumer choice” (Bridges and
Vásquez, 2016: 16).

Finally, this model will give more visibility to Airbnb for non-users
who seem to be unaware of the existence of this alternative (Varma
et al., 2016). It may also be used as a tool for comparing different types
of accommodation in a given destination because most travellers use
Airbnb to find alternatives to hotels. It is worth noting that only 2.3% of
respondents indicated that without Airbnb they would not have taken
the trip (Guttentag and Smith, 2017).

6. Conclusions

The rapid growth of the sharing economy, especially in the tourism
sector, can be hampered by trust issues, as most business relationships
will be customer-to-customer (C2C). To provide a measure of trust,
several methods are being used: customer reviews, reputation-based
systems, sharing on social media and so on. But, for those situations
where prospective customers or others within their social networks do
not have previous experience, a classification system is required to
avoid opportunistic behaviours due to asymmetric information.
Moreover, an integrative and synthetic classification is necessary, on
the one hand, to prevent the information overload that tourists ex-
perience online and, on the other, to assist tourists in their decision-
making processes. Such systems are in place for hotels, namely the star-
rating system, but they are not implementable for sharing economy
sites, as they would require too many resources and too much effort to
work: inspections, bureaucracy, etc. Our system would overcome these
limitations because it is not resource hungry; it only requires affordable
computational resources. Besides, as the proposed system is partly
based on UGC, it would also be useful for ensuring that hosts put every
effort into offering a faultless service to get the best online reviews from
users, thereby managing to reach the highest category.

The proposed system is not only useful for classifying P2P accom-
modation and overcoming trust issues in P2P platforms, but also re-
presents an improvement for the entire hotel classification system. The
current official system for assigning hotel categories creates many dif-
ferences within the same category since stars do not mean the same
worldwide. Many hotel category classifications work with a system of
points that lets hotels organise themselves as they wish, meeting certain
minimum requirements, but the same category has many differences.
Besides, a classification system that includes guests’ reviews is a pro-
posal by the United Nations World Tourism Organization (Blomberg-
Nygard and Anderson, 2016: 26), principally because consumers use
reviews and hotel classifications in different ways: “classification sys-
tems help filter hotels, whereas guest reviews provide a means to help
select from a smaller set of acceptable options. These similar yet distinct
uses indicate a continued need for both hotel classification and guest
reviews.” Our proposed system goes a step further since it combines
reviews with a new classification system for hotels and P2P accom-
modation platforms in order to help simplify users’ decision-making.

In this respect, our model would therefore provide several ad-
vantages:

1 Matching users’ point of view: Experts deciding which criteria
should be applied to officially allocate hotel categories should know
that the ideal classification system is the one adapted to the users’
needs, which takes into account that satisfaction might be obtained
through eWOM.

2 Converging different systems: To standardise and bring in line the

criteria used in different countries and regions in order to help users
understand what each hotel category stand for.

3 Validating the official classification system: Audits would not need
to be carried out to check that the criteria applied are being met,
thus eliminating bureaucracy.

In short, the implementation of this model would achieve a reor-
ientation of hotel classification systems to improve them, thereby
bringing different countries, regions and systems in line and matching
the systems to the users’ opinions. This model contributes to the lit-
erature by determining which elements are more significant for in-
ferring international hotel categories, bearing in mind that the system
of hotel classification is not unified (each country and region applies its
own regulations). Furthermore, as these elements are also available in
P2P accommodation platforms, they can be used to create a model of
accommodation categories equivalent to the hotel grading scheme, thus
achieving a unified, comprehensive and real-time accommodation
classification model based on online data.

6.1. Practical implications and limitations

This work could be used by adapting the classification model to
other P2P platforms, in addition to Airbnb, such as Couchsurfing and
home exchanges, or even to tourist attractions, based on data from
travel opinion websites like TripAdvisor. This model could even be used
for managing and consolidating online reputation through websites like
Traity, with information coming from more than one platform (i.e., a
property that is on HomeAway, Airbnb and Couchsurfing) and by
combining this information. The application of this model implies in
practice that accommodation categories are constantly updated through
computerised systems based on available online information, re-
presenting a time- and cost-saving option.

The application of the proposed model has one disadvantage;
properties that have only just been listed and do not have any reviews
by previous users. They would start without any prior classification, but
this is the same as currently happens when a user has to rely on a host
that does not have a reference because he has not yet received an online
travel review. On the positive side, once hosts achieve a category within
the proposed model, it will prevent them from quitting their online
identity if they have negative reviews (Ba and Pavlou, 2002), since the
cost of getting a new online identity would involve the loss of the
qualifying category. Such a cost might therefore be higher than trying
to reverse the situation by improving the service offered to guests.
Moreover, even if price (as set by the host) is part of the classification
system, market rules and the inclusion of users’ reviews would prevent
hosts from setting higher prices to achieve higher categories than would
otherwise correspond the characteristics of their offerings.

Similarly, to prevent the system from being manipulated through
the use of price change strategies to achieve either a higher or a lower
category, a moving price average for a given number of days or months
in the past could be used in the model, or, even, instead of assigning
categories on a particular date, it could be done online instantly, i.e.,
every time a user visits the accommodation information. By doing so,
the price reflected would be the real price and any manipulation of the
system could be mitigated.

Like any other research, the research presented here is not exempt
from limitations. The proposal is made using data obtained from
Booking.com, which, despite being a very popular website, is not the
only one in existence. The results could be different if data from other
websites like Ctrip, HolidayCheck, or TripAdvisor were used. Indeed,
replicating the study using other data is a challenge for further re-
search.

Finally, this research has been done using a large volume of data
downloaded automatically from Booking.com and has explored the
capacity of big data in the hospitality field, as suggested by Xiang et al.
(2015).
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